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Inter preting Symptomsof CognitiveLoad in SpeechInput

AndréBertholdandAnthony Jameson
�

Departmentof ComputerScience,Universityof Saarbr̈ucken,Germany

Abstract. Usersof computingdevices are increasinglylikely to be subjectto situation-
ally determineddistractionsthat produceexceptionallyhigh cognitive load.The question
arisesof how a systemcanautomaticallyinterpretsymptomsof suchcognitive loadin the
user’s behavior. This paperexaminesthis questionwith respectto systemsthat process
speechinput. First, we synthesizeresultsof previous experimentalstudiesof the waysin
which a speaker’s cognitive loadis reflectedin featuresof speech.Thenwe presenta con-
ceptualizationof theserelationshipsin termsof Bayesiannetworks.For two examplesof
suchsymptoms—sentencefragmentsandarticulationrate—wepresentresultsconcerning
thedistributionof thesymptomsin realisticassistancedialogs.Finally, usingartificial data
generatedin accordancewith theprecedinganalyses,we examinetheability of a Bayesian
network to assessauser’scognitive loadonthebasisof limited observationsinvolving these
two symptoms.

1 The Challengefor UserModeling

Whencosmonautson the spacestationMir communicatewith groundcontrol, their speechis
monitoredby psychologistsfor symptomsof stress(Arnold, 1997).The interpretationof the
symptomsin turn influencesthenatureof thedialogsconductedwith thecosmonauts.

Computerusersdo not in generalstrayquiteasfar from homeastheMir cosmonauts,nor
arethey subjectedto thesamesortof stress.But themobility of moderncomputingdeviceshas
movedthemever further into thehustleandbustleof everydaylife. Situationaldistractionscan
have major impacton the quality of interactionwith a system—asanyonewho hastried to jot
down aperson’saddresswith ahandhelddevicewhile standingonastreetcornercantestify. For
usermodelingresearch,situationaldistractionsrepresentonemorething that a systemcantry
to recognizeandadaptto. Adaptationmay involve, for example,a simplificationof eitherthe
system’soutputor therequireduserinput, in caseswheresituationaldistractionsaresuspected.

1.1 Scenarioand Field Study

For concreteness,considertheexamplescenariohandledby thedialogsystemREADY (see,e.g.,
Jamesonet al., 1999):Usersaredriverswhosecarsneedminor repairs;they requestassistance
from the systemin naturallanguageby phone.Our first stepin studyingthis scenariowasto
get a concreteideaof the cognitive load inducedby this situationandthe waysin which it is
�
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manifestedin the users’speech:1 In a field studyconductedon a winter night besidea fairly
busy road,eachof 8 subjectswasgiven the taskof identifying andrepairingan intentionally
createdmechanicalproblemwith a car. They communicatedwith a professionalautorepairman
via cellularphone.To getan ideaof the informationpresentin featuresof thesubjects’speech,
we analyzedthe 8 dialogsin detail. For example,filled andsilent pausesweremeasuredand
errorswereclassified.

In Sections2 through4, we will seehow the datafrom this field study can be analyzed
togetherwith resultsof laboratoryexperimentsof previousresearcherssoasto yield anempirical
basisfor ausermodelingcomponentfor adialogsystem.Wewill thencheckwhethersuchauser
modelingcomponent,if givena sufficiently soundempiricalbasis,canmake usefullyaccurate
inferenceson thebasisof thelimited dataabouta userthatis availablein thisscenario.

1.2 Determinantsof CognitiveLoad

In thispaper, thetermcognitiveload refersto thedemandsplacedonaperson’sworkingmemory
by (a) themaintaskthatsheis currentlyperforming,(b) any othertask(s)shemaybeperforming
concurrently, and(c) distractingaspectsof thesituationin whichshefindsherself.

In the examplescenario,we view the main taskof the user(
�

) as that of communicating
with the mechanic(or a correspondingsystem � ). Concurrenttaskscan involve looking for
things,performingactionson thecar, or communicatingwith otherpersons.Distractingaspects
of the situationcan include noisesand eventsthat interferewith one’s concentrationon task
performance,aswell asinternalfactorslikeemotionalstressthathavesimilareffects.

In the dynamicBayesiannetworks that form the coreof READY’s usermodel,thesetypes
of influenceon a user’s continuallychangingcognitive load aremodeledseparately(see,e.g.,
Jamesonet al., 1999;Scḧafer andWeyrath, 1997).In this paper, we will simply considerthe
problemof assessingthe total load currentlyplacedon

�
’s working memory, regardlessof its

origin. This load will be assumedto remainconstantthroughoutthe periodduring which it is
beingassessed.

2 Overview of Symptomsand Their Modeling

We reviewed literaturefrom psycholinguisticsandlinguisticslooking for evidenceconcerning
the effectsof cognitive load on featuresof speech.Table1 givesa high-level summaryof the
resultsof thissurvey.2

Figure1 shows how the relationshipsbetweenthesesymptomsandcognitive load canbe
modeledwith a Bayesiannetwork.3 To seethemeaningof the variables,supposethatvarious
factorshave createda POTENTIAL WM LOAD for

�
. If this load is too greatfor

�
to handlewithout

1 The READY systemalsotries to recognizeandadaptto theuser’s time pressure.For reasonsof space,
thisvariablewill bementionedonly in passingin thispaper.

2 A muchmoredetaileddiscussionof theseresultsis givenby Berthold(1998),alongwith referencesto
theindividualstudiesandresultsfor lessimportantfeaturesnot listedhere.

3 For introductionsto Bayesiannetworks,see,e.g.,RussellandNorvig (1995)orPearl(1988).An overview
of theirapplicationsto usermodelingis givenby Jameson(1996).

2



Table1. Summaryof previousresultsconcerningpotentialspeechsymptomsof cognitive load.

Symptomsinvolving outputquality Symptomsinvolving outputrate

Feature Tendency � Tally � Feature Tendency Tally

Sentencefragments(number) + 4/5 Articulationrate � 7/7
Falsestarts(number) + 2/4 Speechrate � 7/7
Syntaxerrors(number) + 1/1 Onsetlatency (duration) + 9/11
Self-repairs(number) +, � , 0� 2, 1, 4 Silentpauses(number) + 4/5

Silentpauses(duration) + 8/10
Filled pauses(number) + 4/6
Filled pauses(duration) + 1/2
Repetitions(number) + 5/6

� “+” meansthatthemeasurewasgenerallyfoundto increaseunderconditionsof highcognitive load;“ � ”
meanstheopposite.
� “ � / 	 ” meansthatof 	 relevantstudies,� foundthetendency indicatedin thesecondcolumn.(In most—
but notall—casesthetendency wasstatisticallysignificant.)
� Resultsconcerningself-repairsshow aninconsistentpattern.

difficulty,
�

maycopewith theoverloadby reducingthespeedof speechgeneration—forexam-
ple, by pausingintermittentlyto think or to dealwith distractions.(Theextentto which

�
does

this canbe influencedby featuresof the taskaswell asby
�

’s time pressureandpreferences.)
Any suchspeedreductioncanbereflectedin specificsymptomslike theonesshown on theright
in Table1. Becauseof the slowing, the ACTUAL WM LOAD—which canbe conceptualizedasthe
amountof cognitivework thathasto bedonein a givenunit of time—will bereduced.

On theotherhand,
�

mayfor variousreasonsavoid slowing down, or mayslow down only
to a degreethat is inadequateto reducethe ACTUAL WM LOAD to a normallevel. In this case,the
highACTUAL WM LOAD is likely to bereflectedin varioustypesof defectin theutterancesproduced,
suchasthetypeslistedin theleft-handsideof Table1 (cf. theleft-handsideof Figure1).4

So far, we areawareof only partial and indirect evidencein favor of the speed-accuracy
tradeoff postulatedin Figure1. Concerningtherelationshipsbetweenthenodesfor the individ-
ual symptomsandtheir parentnodes,usefulempiricaldatacanbe extractedfrom the studies
summarizedin Table1 andfrom ourown field studythatwassketchedabove.Thenext two sec-
tionswill show how this canbedone,usingoneexamplefrom eachof thetwo broadcategories
of symptoms,startingwith onethatinvolvesadeclinein thequalityof output.

3 SentenceFragmentsasa Symptom

A sentencefragmentcanbedefinedasanincompletesyntacticstructureI for which thereexists
a syntacticcontinuationC suchthat I C constitutesa well-formedsentence.After articulatingI,

4 Baberet al. (1996),while not explicitly postulatingthe relationshipsdepictedin Figure 1, discussa
numberof phenomenaandrelationshipsthatareconsistentwith thisaccount.
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Figure 1. Simplifieddepictionof partof a Bayesiannetwork for interpretingsymptomsof cognitive load.
(Eachboxwith asolidborderrepresentsanodethatcorrespondsto asinglevariable;eachboxwith adashed
borderdenotesa groupof variablesthatplayasimilar role in thenetwork. Solidanddashedarrows denote
positiveandnegativecausalinfluences,respectively.)

thespeakereithergivesup thedialogturn or beginsa new sentenceN. Herearesomeexamples
from thefield study:

Justa minute, I’ll look.Thecables. . . [givesup turn]
Yes,that’s . . .uh, just keeprepeating.
In many cases,the new sentenceN begins with an alternative formulationof the content

of I. In thesecases,the sequenceI N representsa particulartype of self-repaircalleda false
start. Somerelevantempiricalstudieshave lookedspecificallyat falsestarts,while othershave
consideredthebroaderclassof sentencefragments.Sinceit’s difficult for a systemto determine
automaticallywhetherthematerialthatfollowsa sentencefragmentconstitutesa self-repair, we
will likewise ignorethis distinctionhereandconsidersimply whetheran utterancecontainsa
sentencefragment.

Previousempiricalresults.Previousresultsfor sentencefragments(includingfalsestarts)canbe
seenin theleft-handsideof Table1. Thefive studiesin which a concurrenttaskwasusedto in-
ducecognitiveloadproducedthestrongesteffects:Theconcurrenttaskmultiplied thefrequency
of sentencefragmentsby factorsrangingfrom 1.52to 5.50,with anaverageof 3.34.5

Distributionin thefieldstudy. Table2 classifiesthe54sentencefragmentsthatwerefoundin the
628dialogturnsin ourfield study. The15 fragmentsin thelowerhalf of thetableillustratehow
sentencefragmentscanoccurindependentlyof cognitive load.Thelastcategory couldpresum-
ably berecognizedby thesystemandkeptseparatefrom theothercategories—atleastin cases
whereit wasthesystemitself thatinterruptedtheuser.

5 A singlestudyby Roßnagel(1995a)that yieldedsimilar factorsin the oppositedirectionhasyet to be
explained.
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Table2. Frequency of six typesof sentencefragmentsfoundin thefield studydialogs.

Possiblydueto highcognitiveload:

– 24 turnsconsistingof (or endingwith) a fragment
– 9 fragmentsfollowedby formulationswith similarmeaning
– 6 fragmentsfollowedby formulationswith differentmeaning

Probablyindependentof cognitiveload

– 7 sentencespossiblyabortedbecauseof thearrival of new informationor perceptions
– 1 sentenceintendedto becompletedby dialogpartner
– 7 sentencesinterruptedby thedialogpartner

On thewhole,though,it is not a trivial taskto recognizesentencefragmentsautomatically
with a speechrecognitionsystem.The sameis true of most of the other symptomslisted in
Table1.6

Modeling. In a Bayesiannetwork suchasthatof Figure1, observationsof sentencefragments
canbetakeninto accountmoststraightforwardlywith asinglenodethathastwo possiblevalues:
whetherthemostrecentdialogturn of theusercontaineda sentencefragmentor not. But what
abouttheconditionalprobabilitiesthat link this nodewith its parentnodeACTUAL WM LOAD? Let
usassumethatthecognitive loadinducedin thefive experimentsthat involvedconcurrenttasks
correspondsroughly to the highestlevel of the variableACTUAL WM LOAD. Assumefurther that
the low-load condition of theseexperimentscorrespondsto the lowest level of this variable.
Thentheexperimentalresultssuggestthefollowing constraintson theconditionalprobabilities
relatingACTUAL WM LOAD ( � ) andPRESENCE OF SENTENCE FRAGMENT ( � ):

�������
Yes� � � Highest��������
Yes� � � Lowest�

����� � �������
No � � � Highest��������
No � � � Lowest�

���  "!

Thesecondratio, .94, reflectsthe fact thatdialog turnsthatdo not containa sentencefrag-
mentareslightly lesslikely givena high level of ACTUAL WM LOAD. We foundonly oneprevious
study(Roßnagel,1995b)thatyieldsdatathatcanbeusedfor theestimationof this ratio,but the
exactvalueis actuallyunimportant:Giventhatsentencefragmentsoccurin fewer than10%of
dialogturns,this ratio mustbesomenumberslightly lessthan1.0.Theconsequenceis that the
observationof a singledialog turn without a sentencefragmentwill only slightly diminish � ’s
estimateof

�
’s cognitiveload.

Beforeexaminingwhatsortof diagnosticperformancethesebasicrelationshipscangiverise
to, let usexaminea differenttypeof symptomof cognitiveload.

6 Berthold(1998)discussessomeof the problemsinvolved and the possibilitiesofferedby variousap-
proachesto speechrecognition.Thestrategy pursuedin theREADY projectis to determinewhichsymp-
tomscanplay a usefulrole in a dialogsystembeforemakingtheconsiderableeffort requiredto extract
themautomaticallywhile usinga speechrecognizer. Accordingly, for systemteststhepropertiesof the
inpututterancearespecifiedvia amenuinterface(seeJamesonet al., 1999).
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4 Articulation Rateasa Symptom

Amongthesymptomsthatreflectthespeaker’sattemptto reduceoutputrate,thevarioustypesof
pauseshave beenmostthoroughlyinvestigated(seeTable1). Thoughpausesalsofigurepromi-
nentlyin READY’smodeling,wewill look hereata lesscomplex andlessobvioussymptom:the
rateatwhich thespeakerarticulatessyllables.To avoid overlapwith thedefinitionof pauses,we
adoptthefollowing definition:

Articulationrate
� Numberof syllablesarticulated

Totaldurationof articulatedsyllables

Filled pausesareleft out of consideration,asaresilent pauseswhoselengthexceedsa certain
threshold(here:200msec).The following translatedexampleof anutteranceproducedby our
mechanicillustratesthisdefinition:#

uh$ # P$ In the
#

P$ insideunderthesteeringwheel
#

P$ to theleft
#

P$ there’sa fusebox.

Here, % P& standsfor asilentpause;only theunderlinedmaterialentersinto thecomputationof
articulationrate.7

Previousempiricalresults.Sevenstudieswerefoundthatmeasuredarticulationrateundercon-
ditionsof varyingcognitiveload.As is indicatedin Table1, all of themfounda tendency toward
slower articulationgiven higher load. In the five studiesthat yieldedspecificdataon average
articulationrates,the ratereductionsin the higher-loadconditionrangedfrom 8.8%to 19.7%,
with anaverageof 13.6%.All of thesestudiesinducedhighcognitiveloadby makingthespeak-
ing taskmoredifficult. We wouldexpecttheslowing to bemoredrasticin a conditioninvolving
a concurrenttask,sincethis type of manipulationproducedthe strongesteffectson sentence
fragmentsandalsoin thestudiesonpauses.

Distribution in thefield study. In a dialogsituation,somedialog turnscontainonly a few syl-
lables(e.g.,Yes,I can). Measurementof articulationrateis problematicfor suchturns,sinceit
would dependstronglyon thepropertiesof thesyllablesinvolved,on randomvariation,andon
measurementerror. On the basisof an initial analysisof the empiricaldistributions,we elimi-
natedfrom considerationmeasurementsof articulationratefor dialogturnsinvolving 3 or fewer
syllables.

Thearticulationratesfor the8 callersin thefield studyrangedfrom 6.3 to 7.7syllablesper
second,with an averageof 7.0 syllables/s.Theutterancesof eachindividual caller alsovaried
somewhatin articulationrate,thestandarddeviationsrangingfrom 1.0to 2.1syllables/s,with an
averagestandarddeviationof 1.35.

Modeling. In Figure1, OBSERVED ARTICULATION RATE is viewed asbeinginfluencedby RELATIVE

SPEED OF SPEECH GENERATION, but it alsohasa secondparentnode,BASELINE ARTICULATION RATE.
Thisnodeis includedbecauseindividualspeakersdiffer systematicallyin theirusualarticulation
rate,independentlyof any variationsin cognitive load(cf. Goldman-Eisler,1968).(The differ-
encesjust cited in the averagearticulationratesof the 8 callerswerepresumablydueboth to

7 By contrast,thestudiescountedin Table1 for thesymptomspeech rateusedadefinitionthatwasbased
on thetotaldurationof eachutterance.
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stableindividual differencesandto randomdifferencesin thedemandsthatwereplacedon the
differentcallers.)Inclusionof thisnodein thenetwork allowsthesystemto learnabout

�
’sbase-

line ratein thecourseof a dialogsoasgraduallyto becomebetterat interpreting
�

’s OBSERVED

ARTICULATION RATE.
In sum,thepotentialdiagnosticvalueof thevariableOBSERVED ARTICULATION RATE lies in the

tendency of speakersto slow their articulationby roughly 14% whensubjectedto fairly high
cognitive load; but the diagnosticvaluemay be diminishedby other factorsthat influencear-
ticulation rate,suchas individual baselines.So it is not obvious that this symptomcanbe of
significantusefor theassessmentof a user’s cognitive load.Thenext sectionwill addressthis
questionwith regardto bothof thesymptomsthatwehavediscussed.

5 AssessingPotential DiagnosticPerformance

Evenif anetwork modelis completelyaccurate,it maybeof nousein practicefor themodeling
of individual users,becauseof the limitationsof theavailabledatain a dialogsituation.As we
have seen,the observablevariablesareat bestnoisy symptomsof the underlyingvariablesof
interest.Moreover, thenumberof relevantobservationsin adialogmaybesmall.To examinethe
datalimitations in our examplescenariowith respectto the two symptomsdiscussedhere,we
performedthefollowing steps:

1. Specificationof the basicBayesiannetwork.We specifieda Bayesiannetwork with the
structureshown in Figure1 thatfulfilled all of theconstraintsmentionedabove.8 To make pos-
siblea testsimpleenoughto bediscussedwithin thespacelimitationsof this paper, we omitted
all variablesin thegroupsOTHER SYMPTOMS INVOLVING QUALITY REDUCTION andOTHER SYMPTOMS IN-

VOLVING OUTPUT SLOWING. Moreover, theFACTORS DETERMINING PRIORITY FOR MAINTAINING SPEED were
fixedatanintermediatelevel thatreflectedtheassumptionthatuserswouldattachroughlyequal
priority to outputrateandoutputquality. We assumehypotheticallyfor therestof theanalysis
thatthis network is entirely accurate;in this way, problemsarisingfrom datalimitationscanbe
analyzedseparatelyfrom thosethataredueto incorrectassumptionsembodiedin thenetwork.

2. Definitionof hypotheticalusers.Wedefinedfour groupsof 15hypothetical“users”.Those
in thefirst groupwereassumedto beexperiencingsomewhatbelow-averagePOTENTIAL WM LOAD

(0.6 on our scale9 ); thosein the fourth, very high POTENTIAL WM LOAD (1.8); and thosein the
secondand third groups,intermediatelevels (1.0 and1.4, respectively). Within eachof these
groups,we defined3 subgroupsof 5 “users”with differentlevelsof BASELINE ARTICULATION RATE:
6.75,7.00,and7.25syllables/s,respectively. Recallthatin ourfieldstudytheaveragearticulation
rateof aspeaker rangedfrom about6.3to about7.7syllables/s.Henceourhypotheticalusersdo
not includerepresentativesof theextremelevelsof BASELINE ARTICULATION RATE.

3. Generationof datafor each user. For eachsuchhypotheticaluser, weusedthenetwork to
generate10 “observations”of utterancesthat theusermight producein thecourseof a dialog.
Eachobservationconsistedof apairof values,for thevariablesPRESENCE OF SENTENCE FRAGMENT

andOBSERVED ARTICULATION RATE. For eachuser
�

, wegeneratedtheobservationsby (a) instanti-
atingthevariablesPOTENTIAL WM LOAD andBASELINE ARTICULATION RATE accordingto thedefinition

8 A machine-readableversionof thisexamplenetwork is availablefrom theauthors.
9 POTENTIAL WM LOAD is indexedon a scalefrom 0.0 to 2.0,where1.0correspondsto a loadthatthe ' in

questioncould(justbarely)handlewithoutexhibiting any declinein thequalityor speedof speech.
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of that
�

; (b) notingthenetwork’s resultingprobabilitydistributionsfor thetwo symptomvari-
ables;and(c) for eachobservationindependently, usingrandomnumbersto generatevaluesfor
thesetwo variableson the basisof the probabilitydistributions.10 Sincein our scenarioabout
40%of all utterancesaretoo shortto have their articulationratemeasuredmeaningfully, for a
random40%of theutterancestheOBSERVED ARTICULATION RATE wasspecifiedas“undefined”.

4. Initialization of the network’s prior beliefs.The network wasthenpreparedto interpret
the10 observationsof eachuser. For eachuser, we hadthenetwork startwith thesamea priori
expectationsabouttheunobservablevariablesPOTENTIAL WM LOAD andBASELINE ARTICULATION RATE.
Theseexpectationscorrespondedto theactualdistribution of thesevariablesin thehypothetical
sample(seeabove). In otherwords,we simulateda situationin which � hasalreadyaccurately
narroweddown its expectationswith respectto thesevariablessomewhat—asituationthatcould
ariseafterthefirst few utterancesin a dialog.

5. Interpretationof observationsfor each user. For eachuserindependently, the10observa-
tionswereinterpretedoneby oneby thenetwork,and� ’sassessmentswereupdatedaccordingly.
Figure2 shows the developmentof � ’s assessmentsof the key variablePOTENTIAL WM LOAD for
thetwo groupsof userswith thelowestandhighestactuallevelsof thisvariable,respectively.

Onthepositiveside,weseethat � ’sassessmentsdotendto movein theright direction:After
10utterancesthereis hardlyany overlapin theassessmentsfor thetwo extremegroups.

At thesametime, the resultsillustratethe reasonswhy a diagnosticnetwork canfail to ar-
rive at a preciseandaccurateassessmentevenwhenthedataarecompletelyconsistentwith its
structureandprobabilities:

1. Thedifferencesin the baselinearticulationratesof the
�

s tendto maskeach
�

’s actual
cognitiveloadsomewhat.In eachgraph,theslower-articulating

�
s(representedby thegraylines)

areassessedassuffering from greatercognitive load.In fact,this differencewould persisteven
with alargernumberof observations,until � encounteredsomeobservationsthatallowedamore
preciseassessmentof BASELINE ARTICULATION RATE.

2. Becauseof thepartly randomvariability in thedata,� ’s assessmentof a
�

oftenfollows
a zig-zagpatterninsteadof moving steadilytoward the true value.In additionto the changes
causedby the occasionalsentencefragments(markedwith a dot), this variability concernsthe
OBSERVED ARTICULATION RATE of individualutterances(notmarkedexplicitly in thegraphs).

3. Even in the whole sampleof 10 utterances,a given
�

’s speechmay happento show a
patternthatis untypicalof

�
’sactualcognitiveload,becauseof randomvariation(i.e.,sampling

error).For example,two of the
�

s with low POTENTIAL WM LOAD happenedto produce3 sentence
fragmentsin their 10 utterances,althoughthe overall frequency of fragmentseven for the

�
s

with veryhigh POTENTIAL WM LOAD is only about10%.

6 Summary of Contributions and Curr ent Work

Themethodologicalcontributionsof thispaper, in increasingorderof novelty, arethefollowing:

1. a wayof synthesizingpreviouslypublishedexperimentaldatasoasto strengthentheempir-
ical basisof a usermodelingcomponent;

10 A similarmethodfor generatinghypotheticalinputdatafor aBayesiannetwork wasapplied,for example,
by Henrionet al. (1996).
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Figure2.Testof thepotentialdiagnosticutility of two symptomsof cognitiveload.(Eachjaggedline traces,
for onehypotheticaluser' , thechangesin theexpectedvalueof ( ’sbeliefabout' ’s POTENTIAL WM LOAD.
Thedarker theline, thegreatertheBASELINE ARTICULATION RATE thatwasassumedfor ' . Eachobservation
thatincludedasentencefragmentis markedwith a dot.Thehorizontaldottedline in eachgraphshows the
truevalueof POTENTIAL WM LOAD for the ' s in thatgraph.)

2. a way of combiningsuchresultswith the resultsof detailedanalysesof interactionsin a
givenapplicationdomainso asto derive qualitative andquantitative constraintsfor a user
modelingcomponent;and

3. a methodfor analyzingthe waysin which the diagnosticperformanceof a usermodeling
componentis limited by thenatureof thedataavailablein theapplicationscenario.

With regardto theparticularproblemof assessingcognitiveloadonthebasisof speechinput,
thecontributionsarethefollowing:

1. anoverview of themostimportantindicatorsof cognitiveloadin speechinputthathavebeen
identifiedsofar;
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2. a qualitative modelof the relationshipsbetweenthesesymptomsandtheoreticalvariables
which, thoughit requiresspecifictesting,alreadyhassomedegreeof theoreticalandempir-
ical support;

3. anoverview of thespecificproblemsinvolvedin thecodingof sentencefragmentsandartic-
ulationrate;

4. severalgeneraltrendsconcerningthediagnosticvalueof thesetwo symptomswhenrealisti-
cally smallamountsof inputdataareavailable.

Themethodologyis currentlybeingappliedto adifferentapplicationscenarioin whichother
interactionmodalitiesin additionto speechareemployed (Jameson,1998).At the sametime,
our investigationof speechsymptomsis continuingin theform of experimentswhosedatawill
beanalyzedusinglearningalgorithmsfor Bayesiannetworkswith a view to arriving at a better
empiricaldescriptionof causalrelationshipssuchasthosedepictedin Figure1.
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